Fischer has been developing a fused full-field digital mammography and ultrasound (FFD-MUS) system funded by the National Institute of Health (NIH). In FFDMUS, two sets of acquisitions are performed: 2-D X-ray and 3-D ultrasound. The segmentation of acquired lesions in phantom images is important: (i) to assess the image quality of X-ray and ultrasound images; (ii) to register multi-modality images; and (iii) to establish an automatic lesion detection methodology to assist the radiologist.
Introduction
Following lung cancer, breast cancer is the second leading cause of death from cancer among women in the United States (1). X-ray mammography is the main tool used for the detection and diagnosis of breast malignancies (it is currently the only medical imaging modality used in screening). However, it is technically difficult to consistently produce mammograms of high quality. Interpretation is subjective and can be variable among radiologists (the practice of mammography is the only clinical procedure to be federally regulated for quality assurance). Mammography, with about 70% sensitivity and 30% positive predictive value, is imperfect but screening has been shown in clinical trials to reduce breast cancer mortality by 25% to 30% for women in the 50 to 70 age group (2, 3) .
The film in film-screen mammography serves three functions: image acquisition, display, and storage. By replacing the film-screen combination by a digital device, Full-Field Digital Mammography (FFDM) promises high detective quantum efficiency (DQE), high contrast and dynamic range, and for specific systems limiting resolution almost matching that of film (the SenoScan® images are up to 16 cycles per mm). Further potential advantages include image processing versatility, direct interface to Computer Aided Detection/Diagnosis (CAD), tele-radiology, display flexibility, and long-term storage without loss of data integrity. Use of CAD, facilitated by FFDM, has shown potential for improving the accuracy of screening mammography, at least among less experienced users (4, 5) . Use of FFDM has been shown to lead to a lower rate of callbacks (6).
Other technologies, including ultrasound, have demonstrated adjunctive value for diagnostic examinations, and could potentially be used in screening. Ideal detection performance may ultimately depend on multi-modality imaging, as no single imaging technology to date can accurately detect all significant lesions (7) . The clinical significance of an integrated FFDM and breast ultrasound imaging system is based on published evidence that the probability of missing a breast cancer with the combination of mammography and ultrasound is much smaller compared to mammography alone, especially in women with dense breasts. The efficacy of combining film-screen mammography with free-hand ultrasound (185 histologically confirmed invasive cancers and 254 benign tumors) was recently investigated by Malur et al. (8) . Results of the Malur study are given in Table I . Table I , the combination of mammography with ultrasound has shown to improve sensitivity by 13% and specificity by 34% over mammography alone. When compared to ultrasound imaging only, combined imaging resulted in a 6% improvement in sensitivity and 16% improve-ment in specificity. Only patients with abnormal findings as determined by palpation and/or mammographic findings and/or ultrasound findings were included in this study.
As shown in
Co-registration of 3-D cross-sectional images obtained by tomosynthesis from digital mammograms and breast ultrasonography has been studied most recently by Kapur et al. (9) . In their approach, a prototype mammography compression paddle was built for the co-registration, and installed on an X-ray tomosynthesis prototype system. Following X-ray exposure, an automated 2-D ultrasound probe mover assembly was positioned above the compression plate, and an attached high-frequency ultrasound transducer was scanned over the region of interest through computerized control. Co-registered 3-D tomosynthesis and 3-D breast ultrasound images of the breast phantom were then obtained.
Fusion of FFDM and ultrasound has also been studied by Elbakri et al. (10, 11) and Suri et al. (12) . In Fischer's fused full field digital mammography and ultrasound system (FFDMUS), shown in Figure 1 (left), two sets of acquisitions are performed: 2-D X-ray projection mammogram and 3-D ultrasound slices. The nature of the integrated system puts a high pressure on image quality assessment of ultrasound and X-ray images. The image quality assessment of ultrasound images is even more critical when the lesions of the breast are imaged with an ultrasound transducer, where the sound waves have to travel through different material properties besides different tissue types. This leads to partial volume effect phenomenon thereby losing the edge information of the lesions in 3-D ultrasonic slices. It is thus important to not only correct the partial volume effect but also to compare with Hand-Held ultrasound (HHUS).
In this paper we developed segmentation strategies for ultrasound and X-ray images produced in the FFDMUS framework. For ultrasound segmentation, the system underwent lesion boundary extraction in the user-defined region of interest (ROI) in the samples drawn out of the 3-D ultrasound volumetric slices. We computed the signal-to-noise ratio (SNR) of the ROI samples by taking the foreground (with lesions) and background (without lesions). These SNR images were then thresholded using Bayesian strategy yielding segmented binary images. For X-ray segmentation, we used a gradient vector field (GVF)-based deformable model on ROI sample images. Initial contours were manually placed near the breast lesion and GVF internal and external energy forces pushed and pulled the initial contour to estimate final segmented lesion boundary. The performance of these segmentation algorithms was evaluated by computing the difference between estimated lesion area and ideal lesion area. We also performed partial volume correction (PVC) analysis on the segmentation of ultrasound images. For Xray lesion segmentation, we also studied the effect of PDE smoothing on GVF's ability to segment the lesion.
The layout of this paper is as follows: The first section presents the materials and methods used for image quality assessment via segmentation. The segmentation results, performance analysis, and interpretation of results are presented in the second section. Section three presents discussions. We conclude the paper by discussing possible future work in the last section.
Materials and Methods
Ultrasound & X-ray Phantom and Data Collection The breast support has a thin plate tensioned around to keep it straight. Below this plate is the ultrasound transducer that scans the breast from left to right (scan direction) and in orthogonal direction (raster direction). Oil is used below the breast to help in ultrasound image acquisition during the ultrasound scanning process, the ultrasound slices and hence the ultrasound volume is acquired. The Xray image is acquired during the X-ray scanning process using Fischer's FFDM SenoScan® system.
We are using a CIRS (Norfolk, VA) ultrasound phantom to evaluate the performance of the ultrasound imaging system. Unlike human subjects or random scannable materials, CIRS phantom offers a reliable medium that contains specific, known test objects for repeatable qualitative assessment of ultrasound scanner performance over time (13) . CIRS Model 050 has anechoic focal lesions, 3 mm and 5 mm diameter spheres, randomly distributed inside the phantom. These masses are made from Zerdine® that has a different contrast and attenuation relative to the background material. We measure the size of the lesion in the acquired ultrasound images to assess the performance of ultrasound imaging system.
For comparing FFDMUS vs. HHUS, FFDMUS dataset was acquired through fused FFDMUS, and HHUS dataset was acquired through HDI 5000 system. Since the later was already product-calibrated, the ultrasound images acquired can be compared to measure the performance of FFDMUS. X-ray phantom images were also acquired using FFDMUS with X-ray parameters kvP, mA and ADU as 35, 100, and 910 respectively. Optimization of X-ray parameters is out of scope of this paper. The parameters were tuned to obtain the optimal contrast image for specific phantom. Figure 1 (right) is the screen shot of the X-ray phantom image acquisition, and ultrasound image sample.
Ultrasound Segmentation and Partial Volume Correction
The protocol for ultrasound image quality assessment is as follows: The system underwent lesion segmentation from user defined ROI samples drawn out of the 3-D ultrasound volumetric slices. The segmentation process consisted of binarization of the lesion ROI's which was implemented by computing the signal-to-noise ratio (SNR) of the ROI. The signal was estimated by computing the mean value of the signal in the ROI based on Madsen's method (14) . The noise was estimated in a background region where there was no lesion. The SNR was calculated using the following equation:
Where S L is the mean signal strength in the ROI with lesion, S MB is the mean signal strength and σ B is the standard deviation of the background ROI without lesion. The calculation of S MB is based on a pre-defined sample area. The sample area acts as a moving window. The SNR region images were then binarized by automatic thresholding process based on Otsu's method (15). These images underwent boundary estimation and were overlaid with gray scale ROI region image for visualization.
The main ultrasound lesion segmentation system and optimization system are illustrated in Figure 2 . Given a 2-D ultrasound image, the system underwent segmentation, morphology cleaning, structuring element optimization, and performance evaluation.
We measured the performance of the system by comparing the observed lesion area with the ideal lesion area. The mean system error is computed as following:
Where A observed is the area of observed lesion, and A ideal is the area of ideal lesion. The area is computed by counting the number of pixels enclosed. Due to partial volume phenomenon, the observed lesions will fall short of the ideal area. To estimate the partial volume correction (PVC), we optimized the system by dilating the binary lesion area with different structuring elements and estimated the best structuring element size that gave the least mean system error. PVC (Partial Volume Correction) optimization system is illustrated in Figure 2 (right). The input to the optimization system was the morphological cleaned binary image. The lesions were then dilated with disk structuring element ranging from 3 × 3 to 17 × 17 pixels, set empirically. The structuring element that yielded the least mean system error was selected, and this corresponded to the optimal structuring element.
Segmentation of X-ray Images Using Gradient Vector Flow (GVF) and Partial Differential Equation (PDE)
Active contour model or snake was first introduced by Kass et al. (17) and has been used in the segmentation of breast image (18, 19) . Given an initial contour, the active contour model pulls or pushes it to the final boundary. Gradient vector flow (GVF) was developed by Xu et al. (20) to overcome the disadvantages with the traditional snake, which included sensitivity to initial position, and difficulties to penetrate into the concavities of segmenting objects.
Gradient Vector Flow:
A new static external force field v(x,y), gradient vector flow (GVF) field, is defined as v(x,y) = [u(x,y) , v(x,y)] that minimizes the energy functional:
Where f(x,y) is the edge map derived from image I(x,y) having the property that it is larger near the image edges. This energy equation produces the effect of keeping v nearly equal to the gradient of the edge map f(x,y) when it is large, and forcing the field to be slowly-varying in homogeneous area (20) . Regularization parameter (µ) governs the tradeoff between the first and second term, and should be set according to the noise presented in the image. The system needs larger µ for larger noise. The GVF field is found by solving the following Euler equations using the calculus of variations
Where ∇ 2 is the Laplacian operator? In our experiments, the edge map f was defined as
Where G σ (x,y) is the Gaussian kernel with given σ, I(x,y) is the given image, and " * " is the convolution operator.
Partial Differential Equation (PDE)-based Noise Removal:
One of the first papers on diffusion was from Perona and Malik (21) , called Perona-Malik Anisotropic Diffusion (PMAD) (also called edge-based diffusion). The fundamental PDE-based diffusion equation for image smoothing was given in (21) 
Error =
Where "div" is the divergence operator, I t is the rate of change of image I, D t (x,y) is the diffusion constant at location (x,y) at time t and ∇I is the gradient of the image I. Applying the divergence operator, the PDE diffusion equation can be rewritten as:
Where ∆I is the Laplacian operator, ∇D t (x,y) is the gradient of the diffusion constant at location (x,y) for time t. The diffusion constant is the key factor in the smoothing process. In (21), two expressions were given for the diffusion constants:
and Where ||∇I t || is the absolute value of the gradient of the image I at time t and K is the diffusion constant. In our experiments, the K was set as 2.0 and t as 0.1.
The main advantage of the PMAD was its relatively low execution time and a good starting point for scale-space and anisotropic diffusion for image de-noising (22) . We wanted to apply PDE smoothing as a pre-processing for GVF-based snake, and observe the effect of PDE smoothing on the active contour model in breast lesion detection. Figure 3 is the algorithm for X-ray lesion segmentation. Given an X-ray image, ROI around the lesion was first extracted. Trained technicians and scientists helped in this process. The raw contour was then placed near the lesion edges for starting the deformation process. GVF deformation was then applied on these initial boundaries to bring convergence to the final bound-ary. We use XV package under a Linux operating system for saving the ROI image. The Flood fill algorithm (23) was implemented to fill the region enclosed by the boundary points, which was the observed lesion area. The performance of the system was measured by comparing the observed lesion area and the ideal lesion area. In the second protocol, we segmented the breast lesion images pre-smoothed by PDE smoother (as discussed in Partial Differential Equation (PDE)-based Noise Removal).
X-ray Lesion Segmentation:

Results
Segmentation of Ultrasound Images and Its Partial Volume Correction
This section has three parts: In section Segmentation of Breast Lesion in Ultrasound Images, we present the results of breast lesion segmentation in ultrasound images; partial volume correction results are presented in Optimization of Structuring Element for Partial Volume Correction; and Full-Field Digital Mammography Ultrasound vs. Hand-Held Ultrasound presents the comparison of FFDMUS vs. HHUS. The results of our performance evaluation are listed in Table  II . All numbers were compared with the ideal area and the percentage error was computed. We compared the FFDMUS with HHUS over 25 samples.
Segmentation of Breast Lesion in Ultrasound Images
For 5 mm Diameter Lesions: Without PVC, the mean percentage error and standard deviation for FFDMUS were 34.18% and 3.4%, while the mean percentage error and standard deviation for HHUS were 36.3% and 4.5% respectively. The errors were comparable. With PVC, the mean percentage error for FFDMUS and HHUS dropped 30% and 32% respectively. The optimized SE size was 9 pixels for FFDMUS and 11 pixels for HHUS.
For 3 mm Diameter Lesions: Without PVC, the mean percentage error and standard deviation for FFDMUS were 28.85% and 4.42%, while the mean percentage error and standard deviation for HHUS were 31.98% and 4.0% respectively. Again, both FFDMUS and HHUS were comparable. With PVC, the mean percentage error for FFDMUS and HHUS dropped 22% and 26% respectively. The optimized SE size was 5 pixels for FFDMUS and 7 pixels for HHUS. 
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Optimization of Structuring Element for Partial Volume
Correction: Figure 6 compares the optimization curves for estimation of the optimal structuring element for 3 mm and 5 mm lesion spheres. As we increase the structuring element size, the mean percentage error between observed dilated lesion and ideal lesion decreases. However, increasing the structuring element size further results in the error increasing subsequently. The dip in the curve corresponds to the optimal structuring element size.
Full-Field Digital Mammography Ultrasound vs.
Hand-Held Ultrasound: Figure 7 shows the comparison of the percentage of mean area error for FFDMUS and HHUS without PVC for all 25 samples drawn. This clearly demonstrates that the image quality between FFDMUS and HHUS are comparable.
We conclude that FFDMUS and HHUS are very comparable and have an error difference of 3%. For 5 mm diameter, FFD-MUS (HHUS) methods, the mean error dropped from 34.2%
(28.8%) to 4.56% (4.31%) when partial volume corrected. For 3 mm diameter, FFDMUS (HHUS), the mean error dropped from 28.85% (31.98%) to 6.63 % (5.89%). The average correction for 5 mm and 3 mm sphere was between 9 to 11 pixels.
Segmentation of X-ray Images Using Gradient Vector Flow (GVF) and PDE
Breast Lesion Quantification using Gradient Vector Flow: Next, we applied the GVF snake on the phantom 
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Comparison for 5mm lesion sphere 
Structural Element Size % of Mean Area Error
FFDMUS 5mm
HHUS 5mm images from FFDMUS. There are two kinds of lesions with different diameter, 3 mm and 5 mm. When we scanned the image using FFDMUS, the acquired image size was 4095 × 5625, and each pixel was 50 ?m. We computed the lesion area, and compared the observed size with the ideal size in the phantom. Figure 8 shows the results on samples of synthetic image and breast phantom images. The first column is the synthetic image with Gaussian noise perturbation (σ = 0.02), and its corresponding GVF image. The GVF image shows the magnitude of the gradient vector flow computed using equations [4] and [5] . The black band is the edge, while the bright band around it shows the capture range of the edge. The last two columns are ROI samples with lesions of diameter of 5 mm, and their corresponding GVF images. In the top row, dotted points show the initial contour of GVF, and solid line is the converged boundary. The second image and the third image are examples of expanding GVF-snake and shrinking GVF-snake respectively. Figure #9 is the percentage error related to the ideal breast lesion size in X-ray images. The average percentage error was 10.80% and the standard deviation was 5.5%. There are three main causes of the error: (i) partial volume effect leading to loss of gradient at sphere edge; (ii) non-optimization of the X-ray parameters leading to low contrast image at the edges; and (iii) unperfect clamping of the GVF deformable model in fuzzy edge area.
Effect of Partial Differential Equation on Gradient Vector
Flow: Noise in X-ray images is a challenge and the deformable model can get trapped in local minimum. Also the deformable model can be sensitive to the initial position. If the initial position has a large capture range, leakage can occur (see Suri et al., (22) ). We implemented the GVF with and without PDE smoothing. Figure 10 shows an example of a synthetic Gaussian noise perturbation image (σ = 0.02), and its corresponding PDE smoothed image. Figure 11 shows the effect of PDE-based smoother on real breast phantom image.
It is demonstrated that more iterations will lead to oversmoothing and loss of edge information. Based on this, we studied the effect of PDE smoother with different number of iterations on the GVF snake performance. We applied the PDE smoother on phantom images from FFDMUS prior to running the GVF snake. We experimented with different number of iteration and compared the average percentage error before and after PDE smoothing. Figure 12 is the optimization curve for computing the optimal number of PDE iterations. With increase in PDE iterations, the mean lesion error dropped and subsequently increased with further increase in PDE iterations. The iterations with least error corresponded to the optimal number of PDE iterations (n * ). Note carefully, that by increasing the iterations beyond n * leads to "over smoothing" of the images, thereby losing the edge information of the breast lesions. Our computations demonstrated that the mean lesion error was 10.32% when the system ran GVF without PDE smoother, while with PDE smoother, the mean error dropped to 9.61%, an improvement by 7%. The main reason for error drop was the removal of background noise near edges. Figure 13 shows the effect of PDE smoothing on GVF. The first column shows the segmentation results by running our GVF deformable model. The corresponding GVF force images are shown in column two. Note carefully that the initial boundaries in these images are complementary to each other (inside and outside). The third column shows the same noisy X-ray images but this time smoothed using PDE. The corresponding GVF forces are shown in column four. Note carefully that the GVF force images with PDE smoothed have crisper band around the central black edge. This is because the PDE smoother has removed the background noise, thus the deformable model is less likely to bleed during the deformation (regaining the property of GVF). The number of iterations (n * ) used for PDE smoothing was 140. The mean percentage error by GVF with PDE was 9.61%, showing an improvement of 7% over GVF without PDE.
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Discussions
We demonstrated an image segmentation and quantificationbased system for image quality assessment of ultrasound and X-ray images acquired using Fischer's FFDMUS system. We adapted a CAD-based strategy for image quality assessment. In our earlier work, we used a point spread function (PSF)-based strategy for ultrasound image quality assessment (see Suri et al. (12) ). In PSF-based method, we measured axial and lateral resolutions and showed that FFDMUS system is comparable to HHUS.
The ultrasound images had speckle noise and partial volume error at the lesion edges. Even though we corrected the partial volume error based on mathematical morphology, we believe that a more robust strategy for SNR computation is necessary. We are designing a robust strategy for SNR computation where the noise component will be computed based on surface topology. The idea is to fit a quadratic or higher order surface in least square framework (26-28).
For X-ray segmentation, the lesion segmentation is sensitive to initialization step. We used a very basic interactive method for initial curve placement. However, the deformation was based on the GVF strategy. We are also incorporating geometric based level sets pioneered by Suri et al. (22, [24] [25] into our methods.
PDE iterations Mean Percentage Error
Mean Optimization Curve
The system presented in this paper uses a semi-automatic strategy. This can be changed to a completely automated process if the lesions embedded in the volume had fixed 3-D locations. Since a particular ultrasound slice has multiple lesions arranged in random fashion with varying sizes, it is thus difficult to do the performance evaluation without a priori knowledge. It is for this reason that we implemented a semi-automatic system for lesion segmentation and quantification. For real-world ultrasound images with cysts and masses, our protocol will undergo no change and will be automatic.
As pointed out in the Introduction section of this paper, about 20% of the cancers are missed. This is due to structure noise in mammograms. To combat this dilemma, Fischer Imaging Corporation (FIC) has been working on the fused FFDMUS machine that scans the breast in 3-D using both physical and acoustical properties. This fused system will bring more sensitivity and specificity into the detection process. A bigger challenge lies ahead for the detection of microcalcifications where we will need high-resolution Xray scanners. FIC currently has the industry's highest 25 micron scanner, which has been used in this paper.
As noted from above sections, this paper was focused on phantom data. More analysis needs to be implemented such as, protocols for thick breast, thin breast, and real-world Xray and ultrasound images. These experimental protocols are under development at FIC. Since this fusion technology is very pre-mature, other groups have not yet demonstrated their evaluation strategies for image quality assessment. However, in some of our earlier work, we compare our FFDMUS architecture with work by Kapur et al. (11) .
Conclusions
The paper presented an image quality assessment comparison of FFDMUS with HHUS. The results demonstrated that both systems are comparable. We also computed the partial volume error for ultrasound 3 mm and 5 mm lesion images. Our results demonstrated that we need 5 pixels correction for 3 mm spheres, and 9 pixels correction for 5 mm spheres for FFDMUS datasets. For X-ray lesion analysis from FFD-MUS datasets, we had an average error of 10.8% that was reduced by 7% using PDE-based smoothing.
For future work, we are developing a more robust strategy for both ultrasound and X-ray lesion segmentation from datasets acquired using FFDMUS.
